The answer depends on the objective. The approach of combining five of the leading forecasting models with equal weights dominates the strategy of selecting one model and using it for all horizons up to two years. Even more accurate forecasts, however, are obtained when allowing the forecast combinations to vary across forecast horizons. While the latter approach is not always more accurate than selecting the single most accurate forecasting model by horizon, its accuracy can be shown to be much more stable over time. The MSPE of real-time pooled forecasts is between 3% and 29% lower than that of the no-change forecast and its directional accuracy as high as 73%. Our results are robust to alternative oil price measures and apply to monthly as well as quarterly forecasts. We illustrate how forecast pooling may be used to produce real-time forecasts of the real and the nominal price of oil in a format consistent with that employed by the U.S. Energy Information Administration in releasing its short-term oil price forecasts and we compare these forecasts during key historical episodes.
Introduction
Accurate forecasts of the price of oil are important to firms and consumers as well as state and national governments. There are many alternative approaches to forecasting oil prices ranging from the use of oil futures prices and survey forecasts to atheoretical time series models and econometric models.
1 Our approach in this paper is to focus on short-term oil price forecasting models that can be motivated based on economic grounds. Among these models we restrict attention to models that have been shown in the literature to produce more accurate real-time forecasts than the random walk benchmark model at least for some forecast horizons. Our objective is to examine the forecast accuracy of weighted averages of these models, as measured by the mean-squared prediction error (MSPE) at monthly and quarterly horizons up to two years. We also report results for the directional accuracy of these combined forecasts.
Forecast combinations (also known as pooled forecasts) have a long tradition in macroeconomic forecasting (see, e.g., Timmermann 2006) . With regard to short-term oil price forecasts, Baumeister and Kilian (2013a) established that an equal-weighted combination of four recently proposed oil price forecasting models is systematically more accurate than the no-change forecast as well as forecast combinations based on recursive or rolling inverse MSPE weights. The forecasting models considered in that study are included a vector autoregressive (VAR) forecast, forecasts based on the spread between oil futures prices and the spot price of oil, forecasts based on non-oil industrial commodity prices, and forecasts based on a time-varying parameter (TVP) model of the spreads between the U.S. spot prices of gasoline and heating oil and the spot price of crude oil. More recent work by Baumeister, Guérin and Kilian (2014) , which explored the predictive content of high-frequency data from financial and energy markets, uncovered evidence that an important additional source of real-time information about future oil prices is the cumulative change in U.S. crude oil inventories. In the current paper, we extend the set of models to be combined to include the latter forecast, which performs particularly well at horizons between one and two years.
Baumeister and Kilian (2013a) compared equal-weighted forecast combinations to individual forecasting models and showed that only pooled forecasts are systematically more accurate than the no-change forecast at all horizons up to 18 months or 6 quarters. This approach satisfies the requirement that there should be no discontinuities across horizons in the forecast path of the type that would arise if we switched forecasting models or forecast combinations from one horizon to the next. Using the same approach as in Baumeister and Kilian (2013a) , in this paper we show that including in addition forecasts based on U.S. crude oil inventories in the forecast combination substantially improves the accuracy of the pooled forecast at horizons between one and two years.
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Insisting on a continuous forecast path comes at the price of higher MSPEs, however. If a low MSPE is all we care about in forecasting, one clearly can improve on equal-weighted combinations of all oil price forecasting models. In this paper, we extend the analysis of pooled forecasts by allowing for different forecast combinations to be chosen at each horizon. This strategy takes advantage of the fact that some oil price forecasting models perform well at short horizons, but were never intended for longer horizons, whereas other models perform best at longer horizons. We show that relaxing the continuity constraint substantially reduces the MSPE of the pooled forecast at all horizons, but especially at horizons beyond one year.
This fact raises the question of how forecast pooling by horizon compares with simply selecting for each horizon the individual forecasting model with the lowest MSPE. The latter comparison is the relevant benchmark when evaluating the benefits of pooling in the absence of the continuity constraint. We find that pooled forecasts often, but not always have lower MSPE than the best individual forecast. The superior accuracy of the forecast combination at some horizons is not surprising in that pooled forecasts provide insurance against failures of individual models. Our results show that this insurance has a price in the form of lower forecast accuracy in some dimensions, however. For example, at horizons beyond 18 months, the individual forecasts are clearly more accurate. This drawback is offset by the fact that the accuracy of the pooled forecasts is more stable over time, as revealed by plots of the recursive MSPE ratios over time.
The MSPE of the real-time pooled forecasts is up to 29% lower than that of the no-change forecast even at horizons as high as two years. The pooled forecasts also predict the direction of change in the real price of oil correctly with probabilities as high as 73%. Our qualitative results are robust to alternative oil price measures and apply to monthly as well as quarterly forecasts. In addition to presenting these summary statistics, we use graphical methods to examine how the pooled real-time forecasts performed in recent years when the real price of oil fluctuated substantially. We compare these model-based pooled forecasts to the U.S. Energy Information Administration's (EIA) short-term oil price forecasts, as released in the Short-Term Energy Outlook. Finally, we discuss how real-time pooled forecasts of the nominal oil price may be derived from the forecasts of the real price, and we illustrate that both real and nominal oil price forecasts may be presented in a format already used by the EIA.
The remainder of the paper is organized as follows. In section 2 we review the forecasting models considered. Section 3 evaluates our monthly forecasts of the real U.S. refiners' acquisition cost for oil imports and of the West Texas Intermediate (WTI) price of crude oil. In section 4 we extend the analysis to quarterly forecasts. Section 5 examines how stable the accuracy of these oil price forecasts is over time. In section 6 we visually compare the accuracy of our pooled oil price forecasts to that of the EIA oil price forecasts during key episodes. In section 7 we illustrate how these forecasting tools may be used to produce real-time forecasts of the real and the nominal price of oil in a format consistent with that employed by the EIA in releasing its short-term oil price forecasts. The concluding remarks are in section 8.
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The forecasting environment
All forecasting models are estimated at monthly frequency. We consider monthly forecast horizons up to two years. Forecasts at the corresponding quarterly horizons are obtained by averaging the monthly forecasts at quarterly frequency, as recommended in Baumeister and Kilian (2013b) . The forecasting models are estimated recursively and subject to real-time data constraints. All data are obtained from the real-time database developed in Baumeister and Kilian (2012, 2013a) and extended in Baumeister, Kilian and Zhou (2013) . The reader is referred to the latter references for a detailed description of the data sources and definitions. The evaluation period is January 1992 through September 2012 (or equivalently the first quarter of 1992 through the third quarter of 2012). Our objective is to forecast the ex-post revised real price of oil, as measured by the observations in the March 2013 vintage of the realtime database.
The real-time forecasts are evaluated based on their recursive MSPE and their directional accuracy, as measured by the success ratio. The success ratio is the fraction of times that a method correctly predicts the direction of change in the real price of oil. Success ratios above 0.5 indicate an improvement relative to the no-change forecast. The MSPE results are normalized relative to the no-change forecast, with a ratio below 1 indicating a gain in accuracy. There is no valid test for judging the statistical significance of the MSPE reductions in our context, but we examine the stability of our results across horizons, across specifications and over time. The statistical significance of the success ratios is assessed based on the test proposed in Pesaran and Timmermann (2009).
Building on the comprehensive analysis of forecast combination methods in Baumeister and Kilian (2013a), we consider five forecasting models with proven credentials.
Forecasts based on a VAR model of the global oil market
The first model is a reduced-form VAR model of the form:
 refers to a vector including the percent change in global crude oil production, a measure of global real economic activity, the log of the U.S. refiners' acquisition cost for crude oil imports deflated by the log of the U.S. CPI, and the change in global crude oil inventories, ν denotes the intercept, 2 The inventory data are constructed by multiplying U.S. crude oil inventories by the ratio of OECD petroleum inventories to U.S. petroleum inventories. Petroleum inventories are defined to include both stocks of crude oil and stocks of refined products. The global real activity index is constructed from data on global dry cargo ocean shipping freight rates as described in Kilian (2009 
Time-varying parameter model of the gasoline and heating oil spreads
Many market practitioners believe that rising spreads between the price of refined products (such as gasoline or heating oil) and the price of crude oil signal upward pressures on the price of crude oil. For example, Goldman Sachs in April 2013 cut its oil price forecast, citing significant pressure on product spreads, which it interpreted as an indication of reduced demand for products (see Strumpf 2013). There are many reasons to expect forecasts based on product spreads to be unstable over time. One concern is that the price of crude oil is likely to be determined by the refined product in highest demand and that product has changed over time. Another concern is that crude oil supply shocks, local capacity constraints in refining, changes in environmental regulations, or other market turmoil may all temporarily undermine the predictive power of product spreads. We therefore follow Baumeister et al. (2013) 
where the gas t s is the log of the nominal U.S. spot price of gasoline and heat t s is the log of the nominal U.S.
spot price of heating oil. 4 Given the TVP estimates, we then construct the TVP model forecast:
by Monte Carlo integration as the mean of the forecasts simulated based on 1,000 Gibbs iterations conditional on the most recent data. 
Forecasts based on U.S. crude oil inventories
The final forecasting model can be motivated by the theoretical analysis in Alquist and Kilian (2010), which shows that changes in crude oil inventories capture shifts in expectations about the future real price of oil. As shown in Baumeister, Guérin and Kilian (2014) , forecasts of the real price of oil may be constructed from U.S. crude oil inventory data as follows: where h t inv ∆ denotes the percent change in U.S. crude oil inventories over the preceding h months and β is obtained by regressing cumulative percent changes in the real price of oil on the lagged cumulative percent change in U.S. inventories without intercept. The latter restriction improves the accuracy.
Monthly forecasts of the real price of oil
It is useful to focus on the monthly forecasts of the real price of oil first, before considering the quarterly forecasts.
U.S. refiners' acquisition cost for crude oil imports
The U.S. refiners' acquisition cost for crude oil imports is a commonly used proxy for the global price of crude oil and as such is of central interest for oil price forecasters. Table 1 shows that an equal-weighted combination of all five oil price forecasting models unambiguously reduces the MSPE of the forecast at all horizons relative to the no-change forecast much like the simpler forecast combination considered in Baumeister and Kilian (2013a). The difference is that the larger forecast combination including the additional forecasting model based on U.S. crude oil inventories generates further improvements at horizons beyond 18 months. Not only are there MSPE reductions at these long horizons, but there also is statistically significant directional accuracy.
The MSPE reductions in Table 1 for this forecast combination occur at all horizons and are reasonably large by the standards of the literature on oil price forecasting. The largest MSPE reduction is 11%. The largest success ratio is 68%. Table 2 reveals which models contribute to the improved accuracy at which horizon. Its shows how the MSPE ratio of the combination forecast changes as we drop one model at a time from the pooled forecast. Increases in the ratio mean that the model left out would have improved forecast accuracy if included, whereas decreases mean that it would have worsened forecast accuracy. For example, the VAR improves forecast accuracy at horizons 1 through 7 and industrial raw materials prices at horizons 1 through 5. Oil futures prices worsen accuracy at short horizons, but improve accuracy at horizons 5 through 18, while the TVP product spread model improves forecast accuracy at horizons 5 through 24. Finally, the inventory model improves accuracy only at horizons 14 through 24. Table 2 shows that clearly not every forecasting model is suitable for every horizon. A natural proposal is to select an improved forecast combination for each horizon by dropping all models that lower forecast accuracy in Table 2 and by retaining the others. The second set of results in Table 1 confirms that choosing equal-weighted subsets by horizon further improves forecast accuracy. In that case, the largest MSPE reduction increases from 11% to 29% and the largest success ratio from 68% to 73%. These statistics are very large by the standards of the oil price forecasting literature. The most stunning improvement in accuracy occurs beyond the 18-month horizon. It is related to the fact that we dropped the VAR forecast and the forecast based on industrial commodity prices which were never intended to be accurate at such long horizons (see Baumeister and Kilian 2012).
The difference between the first and the second set of results in Table 1 is that we have relaxed the implicit constraint that forecasts across horizons should be generated by the same forecasting model or the same forecast combination. Relaxing this constraint by construction must reduce the MSPE of the pooled forecast. This raises the question of what the benefits are of forecast pooling in the absence of that continuity restriction. If we are not concerned with continuity the relevant benchmark is the Thomas K. Lee | U.S. Energy Information Administration | This paper is released to encourage discussion and critical comment. The analysis and conclusions expressed here are those of the authors and not necessarily those of the U.S. Energy Information Administration. 8 forecast accuracy obtained by generating the most accurate individual oil price forecasting model for each horizon. The third set of results in Table 1 shows that by selecting the best individual forecasting model, we can reduce the MSPE even further. In that case, the MSPE reductions in Table 1 reach 36% in some cases and the success ratios an astonishing 75%. This means that we predict the direction of change in the real price of oil three times out of four. These impressive gains in accuracy are not uniform across forecast horizons, however. In fact, for many horizons the forecast combination chosen by horizon has slightly lower MSPE than the best individual model. Only at horizons beyond 18 months, the individual forecasting models are clearly more accurate. Thus, these results seem ambiguous and either approach seems reasonable in practice. In section 5 we will present additional evidence, however, that in fact the accuracy of the pooled forecasts is much more stable over time, making them the preferred approach in practice. Before addressing this point, it is useful to examine how robust these findings are to the use of other oil price measures. Table 3 shows the corresponding results for the real spot price of WTI crude oil, which is a commonly used reference price in oil markets. Unlike the U.S. refiners' acquisition cost, the nominal WTI price is available without delays and not subject to revisions. It has been subject to regulation until the 1980s, however, and has recently become unrepresentative of the global price of crude oil. Table 3 documents that the equal-weighted combination of all five models is about as accurate for the real WTI price as for the real refiners' acquisition cost. The largest MSPE reduction is 12% and the largest success ratio 67%. Many of the gains in directional accuracy are statistically significant, even at horizons as high as 24 months. Some are not, especially between horizons of 5 and 10 months. The pooled forecast generates MSPE reductions at every horizon between 1 month and 24 months.
WTI spot price of crude oil
To conserve space, we do not present a table showing the contributions of each forecasting model to the pooled forecast analogous to Table 2 , but note that the pattern is very similar except that the VAR model contributes to the accuracy of the forecast combination at all horizons but horizons 16, 17, and 18. Allowing the forecast combination to vary by horizon increases the MSPE reductions at all horizons, as in Table 1 . At some horizons the MSPE reductions reach 19% relative to the no-change forecast. The largest success ratio is 70%. Compared with the results in Table 1 , these gains in accuracy are still substantial, but more modest.
Finally, when choosing the best individual forecasting model by horizon, the MSPE reductions reach 30% in some cases and the success ratios 82%. These large gains are all obtained at horizons beyond 18 months. At shorter horizons, the relative performance of this last method compared with the forecast combination chosen by horizon is ambiguous and the differences are modest. We conclude that our findings are robust with respect to the choice of oil price measure.
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Quarterly forecasts of the real price of oil
For many purposes, users of oil price forecasts are interested in quarterly rather than monthly forecasts. It is straightforward to construct forecasts at quarterly horizons by averaging the monthly forecasts. This approach is more accurate than constructing quarterly forecasts from models estimated at quarterly frequency (see Baumeister and Kilian 2013b). It is important to note that the accuracy of quarterly forecasts may not be inferred from that of monthly forecasts because of the unknown covariance of the monthly forecasts across horizons and because averaging lowers the variance of the forecasts.
The upper panel of Table 4 , nevertheless, suggests that quarterly forecasts are about as accurate as monthly forecasts. The success ratios are systematically above 0.5 and all statistically significant except for the longest horizons. All MSPE ratios are below 1. The maximum MSPE reductions of the pooled forecast range from 12% for the equal-weighted combination of all models to 26% for the combination chosen by horizon. The corresponding success ratios may be as high as 70% and 71%. Similar results hold for the real WTI price in the lower panel. For the best individual model forecasts chosen by horizon, in the upper panel of Table 3 , the MSPE reductions may be as large as 35% and the success ratio as high as 74% at the quarterly frequency. The corresponding results for the real WTI price are 29% and 71%. We conclude that our results are not affected by the choice between monthly and quarterly forecast horizons.
How stable is the accuracy of pooled forecasts compared to other forecasts?
One of the perceived benefits of pooling oil price forecasts is that the forecast accuracy tends to become more stable over time than forecasts from individual models. Tables 1 and 3 illustrate that substantial further reductions in the MSPE ratio are feasible when selecting the preferred forecast combination or the preferred forecasting model by horizon. These accuracy gains, however, may come at the expense of instability over time. Figure 1 examines this concern by plotting the recursive real-time MSPE ratios over time. We focus on the real U.S. refiners' acquisition cost for oil imports, but note that similar results hold for the real WTI price. In recognition of the fact that MSPE ratios are uninformative when based on too short of an evaluation period, we discard the first five years of the evaluation period. The last observation shown in Figure 1 corresponds to the MSPE ratios shown in Table 1 . To conserve space, we focus on horizons of 1, 3, 6, 9, 12, 15, 18, 21 and 24 months. Figure 1 illustrates that the equal-weighted combination of all five forecasting models virtually always has been more accurate than the no-change forecast at every horizon shown, especially since 2000. To a lesser extent this has also been true for the subset of models chosen for each horizon. Figure 1 shows that the reductions in the overall MSPE associated with that second method come at the expense of a somewhat more erratic forecast performance. Overall, however, the accuracy of this method still remains quite robust. Only occasionally the recursive MSPE ratios become positive. Such episodes are short-lived and the losses in accuracy are comparatively small.
In sharp contrast, the accuracy of the third method we considered, which involves selecting the single most accurate forecasting model by horizon, is highly erratic. Especially at horizons 6, 9, 12, and 15, this method may generate recursive MSPE ratios as high as 1.7 in some cases, making this approach unfit for applied work, despite its strong performance on average over the evaluation sample. We conclude that there are clear gains from pooling forecasts not captured by the MSPE ratios in Tables 1 and 3 . Very similar results also hold for quarterly forecasts, as shown in Figure 2 .
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Pooled forecasts and EIA forecasts in historical perspective
A different perspective on the accuracy of pooled real-time forecasts may be obtained by comparing them to the short-term oil price forecasts published by the EIA. The data source for the latter forecasts is the EIA's Short-Term Energy Outlook. Most importantly for our purposes, this publication provides quarterly forecasts of the U.S. refiners' acquisition cost for imports for horizons up to 6 quarters. For the purpose of comparing the EIA forecasts with the pooled forecasts, the nominal EIA oil price forecasts have been deflated by the same measure of expected inflation used in constructing the pooled forecasts of the real price of oil. Figure 3 compares the forecasts produced by the EIA against the realizations of the real price of oil. For each quarter, for which a forecast is available, we show the entire forecast path. The EIA nowcast for the current quarter is marked as a circle. In Figure 4 we conduct a similar comparison for the pooled real-time forecast selected by horizon.
Figures 3 and 4 illustrate the differences between the pooled forecast and the EIA's forecast. For example, the plots show that the quarterly nowcasts produced by the EIA tend to differ from the realizations much more than the nowcasts constructed in the Baumeister and Kilian (2012) real-time database. There is little systematic difference between the EIA forecasts and the pooled forecasts during 1992-2002, except that the EIA forecasts often are based on misleading nowcasts, causing them to overstate or understate the level of the real price of oil. With the surge in the real price of oil starting in 2003, however, strong qualitative differences emerge. Whereas the EIA's forecast paths for the next five years always point downward, the pooled forecasts almost always predict increases at least in the short run. This is particularly evident in the first quarter of 2008, when the pooled forecast anticipates a sharp increase in the real price of oil, while the EIA predicted a strong decline. Similarly, the pooled forecast is better at predicting the downturn of the real price of oil in late 2008 and the recovery in 2009. While neither the pooled forecast nor the EIA forecast is good at predicting turning points, the pooled forecast quickly adapts, once a turning point has occurred. A case in point is the third quarter of 2008, one quarter after the peak of mid-2008. Whereas the EIA predicted continued oil price increases following a small decline, the pooled forecast correctly anticipated a sharp decline in the real price of oil in the fourth quarter, although not as steep as the actual drop.
Real versus nominal oil price forecasts
It can be shown that much of the variation in the nominal price of crude oil reflects variation in the real price of oil. Only at longer horizons, the inflation component matters (see Alquist et al. 2013 ). Whereas we have focused on the real price of oil, which is the price that ultimately matters for users of oil price forecasts, the EIA publishes nominal oil price forecasts. In this section we illustrate how both the real and the nominal pooled oil price forecasts may be presented in the same format in which the EIA presents its own oil price forecasts. We again focus on the U.S. refiners' acquisition cost for oil imports. price of oil coincide in the last nowcast period. The difference in the forecast paths of the real and the nominal price is expected U.S. inflation. Inflation adjustments for the nowcasts are based on the realtime U.S. inflation data in Baumeister and Kilian (2012) . We convert pooled forecasts of the real price of oil to nominal price forecasts by adjusting the predicted changes in the real price of oil by the same expected rate of inflation used in constructing Figure 3 .
The first example in Table 5 shows that in the last quarter of 2000 both the EIA forecast and the pooled forecast predicted a decline in the price of oil. One difference is that the EIA relied on a nowcast that was much too high, whereas our nowcast was close to the realized value of the price of oil. The other difference is that the pooled forecast predicted a steeper decline, more in line with the actual evolution of the price of oil.
The other two examples in Table 5 involve situations in which both the EIA nowcasts and our nowcasts are reasonably accurate, allowing us to abstract from the role of the nowcast. The second example shows that in the third quarter of 2008, amidst the financial crisis, the EIA predicted that the price of oil would quickly recover and rise to 122 dollars by mid-2009. The pooled forecast, in contrast, predicted a sharp decline, although not nearly as steep as the actual decline. The third example is the second quarter of 2009, after the recovery of the price of oil had started. The EIA forecast path shows a modest increase, whereas the path predicted by the pooled forecast shows a much steeper increase, closer to the actual evolution of the price of oil.
These three examples make the point that the choice of forecasting methods matter. Clearly, there are other examples in which the EIA forecast and the pooled forecasts are more similar, and there even are rare examples in which the EIA forecast is more accurate than the pooled forecast. Nevertheless, overall, the benefits of relying on model-based real-time forecasts compared with the EIA forecasts are readily apparent. 6 We conclude that it is straightforward to construct real-time pooled forecasts of both the nominal and the real price of oil in a format the EIA relies on. Table 5 also illustrates that the distinction between real and nominal oil price forecasts matters. While that difference is negligible at short horizons, at the 5-quarter horizon, for example, it accounts for somewhere between four and five dollars in our examples. This difference is small compared with the overall level of the price of oil, but large enough to matter for economic decisions.
Concluding remarks
We compared three approaches to generating short-term real-time oil price forecasts. One is a pooled forecast obtained by assigning equal weight to all forecasting models under consideration. Another allows the subset of models selected for the forecast combination to vary by horizons according to its ability to reduce the MSPE. A third approach involves selecting for each horizon the model with lowest recursive MSPE. Of these approaches only the first two can be recommended. While tailoring the forecast combination to each horizon improves the forecast accuracy especially at longer horizons 6 We do not formally compare the MSPEs and directional accuracy of the EIA forecast and the pooled forecast. The reader is referred to the related analysis in Baumeister and Kilian (2013a) which shows that the EIA forecasts have much higher MSPE than the no-change forecast and lack directional accuracy. This result overturns the substantive conclusion of Sanders, Manfredo and Boris (2009) based on a much shorter evaluation period and a different econometric approach. Moreover, including the EIA forecast in the forecast combination would systematically lower the accuracy of the pooled forecast.
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Pooled forecasts were shown to be at least as accurate as the no-change forecast of the real price of oil at all horizons up to two years and often substantially more accurate. We illustrated that pooled oil price forecasts not only are more accurate than the no-change forecast, but also perform better than the EIA's own short-term forecasts during key historical episodes. Our analysis suggests that recently developed model-based forecasts have become a promising alternative to forecasts of the type traditionally employed by the EIA. We illustrated how these forecasting tools may be used to produce real-time forecasts of the real and the nominal price of oil in a format consistent with that employed by the EIA in releasing its short-term oil price forecasts. We consider five forecasting models based on monthly data: (1) a VAR forecast, (2) a forecast based on non-oil industrial commodity prices, (3) a forecast based on oil futures prices, (4) a forecast based on the spread of product prices relative to the price of crude oil, and (5) a forecast based on U.S. crude oil inventories. All forecasts are generated recursively from data subject to real-time data constraints. Boldface indicates improvements relative to the no-change forecast. * denotes significance at the 5% level and ** at the 10% level based on the Pesaran and Timmermann (2009) We consider five forecasting models based on monthly data: (1) a VAR forecast, (2) a forecast based on non-oil industrial commodity prices, (3) a forecast based on oil futures prices, (4) a forecast based on the spread of product prices relative to the price of crude oil, and (5) a forecast based on U.S. crude oil inventories. All forecasts are generated recursively from data subject to real-time data constraints. Boldface indicates improvements relative to the no-change forecast. * denotes significance at the 5% level and ** at the 10% level based on the Pesaran and Timmermann (2009) test for the null hypothesis of no directional accuracy. The statistical significance of the MSPE reductions cannot be assessed because none of the currently available tests of equal predictive accuracy applies in this setting.
Thomas K. Lee | U.S. Energy Information Administration | This paper is released to encourage discussion and critical comment. The analysis and conclusions expressed here are those of the authors and not necessarily those of the U.S. Energy Information Administration. 4 We consider five forecasting models based on monthly data: (1) a VAR forecast, (2) a forecast based on non-oil industrial commodity prices, (3) a forecast based on oil futures prices, (4) a forecast based on the spread of product prices relative to the price of crude oil, and (5) a forecast based on U.S. crude oil inventories. All forecasts are generated recursively from data subject to real-time data constraints. Boldface indicates improvements relative to the no-change forecast. * denotes significance at the 5% level and ** at the 10% level based on the Pesaran and Timmermann (2009) test for the null hypothesis of no directional accuracy. The statistical significance of the MSPE reductions cannot be assessed because none of the currently available tests of equal predictive accuracy applies in this setting.
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